This paper demonstrates the feasibility of using a simple and robust automatic method based solely on acoustic features to identify Alzheimer's disease (AD) with the objective of ultimately developing a low-cost home monitoring system for detecting early signs of AD. Different acoustic features, automatically extracted from speech recordings, are explored. Four different machine learning algorithms are used to calculate the classification accuracy between people with AD and a healthy control (HC) group. Feature selection and ranking is investigated resulting in increased accuracy and a decrease in the complexity of the method. Further improvements have been obtained by mitigating the effect of the background noise via pre-processing. Using DementiaBank data, we achieve a classification accuracy of 94.7% with sensitivity and specificity levels at 97% and 91% respectively. This is an improvement on previous published results whilst being solely audio-based and not requiring speech recognition for automatic transcription.
Introduction
Recent statistics show an increase of the elderly population around the world according to Alzheimer's Disease International [1] and a relatively high percentage of those will go on to develop dementia [2] , [3] . Dementia is used as an umbrella term to describe symptoms of brain disease damaging the cells and neuron synapses caused by e.g. Alzheimer's disease. Dementia symptoms include cognitive decline (affecting amongst other things memory and the person's speech and language), limited motor control, abnormal behavior, loss of memory and judgment, apathy and at a late stage losing the ability to speak [2] .
Currently, there is no powerful tool that gives a reliable diagnosis of dementia; rather, the patient has to go through a series of cognitive tests conducted by a professional neurologist for assessments. This process can be very challenging for the patient and involves a certain amount of anxiety and stress. Especially in the case of the early stage detection, complementary tests include the analysis of samples of cerebrospinal fluid taken from the brain and a magnetic resonance brain imaging test [4] , [5] . Such methods are invasive, bring discomfort to the patients, are relatively costly and require a significant amount of effort and time.
Finding lightweight, noninvasive diagnostic and/or screening tools, that can be used in the comfort of peoples' homes and inform this process, is therefore of interest. This could be in the form of wearable sensors or incorporated in existing intelligent home technology. This paper describes a relatively simple audio-based tool for detecting biomarkers of dementia in a person's speech.
Changes in speech and language patterns offer valuable clues to the detection of dementia as the speech production process starts in the left hemisphere of the brain [6] and any decline in speech capabilities might indicate the presence of e.g. Alzheimer's disease. Several studies investigated the use of speech-based features for the detection of dementia providing a noninvasive and inexpensive tool that does not require extensive infrastructure or the presence of medical equipment [7] , [8] . Automated speech and language analysis methods are potentially powerful tools, especially when using machine learning algorithms capabilities to evaluate the features extracted from the speech. Many methods rely on relatively computationally heavy processing involving speech recognition and the use of natural language processing techniques to achieve some degree of speech understanding at the linguistic level [9] . This makes them unsuitable as lowcost home-based solution and means they are expensive to port to new languages. The alternative solution presented in this paper investigates audio-only processing to address this challenge.
We propose a simple automated method for detecting/screening AD at an early stage. The proposed method is solely based on acoustic features and therefore would only require simple readily available audio technology that can be adapted to suit patient requirement either in terms of being portable or/and wearable. We also explore the performance of different classification techniques applied to a number of acoustic features automatically extracted from the speech recordings obtained from DementiaBank [10] . Finally, we investigate the effect of pre-processing and noise reduction on the performance of the proposed method.
The rest of the paper is organized as follows. Section 2 describes the background. Section 3 describes the experiment setup. Section 4 explores the machine learning. Section 5 presents the results. Finally, section 6 presents the conclusions and future work.
Background
Several publications have demonstrated the potential of speech based approaches to identifying dementia. Jarrold et al [11] distinguish between different types of dementia by combining two profiles of features related to acoustic and lexical features collected from 9 controls and 39 patients who have been diagnosed with different types of dementia. Features-based profiles were extracted from structured interviews and used as SLPAT 2016 Workshop on Speech and Language Processing for Assistive Technologies 13 September 2016, San Francisco, USA input to a machine learning algorithm. A score of 88% was achieved by using a multi-layer perceptron algorithm.
Orimaye et al [12] proposed a diagnostic method to identify people with AD using nine syntactic and eleven lexical features extracted from transcribed audio files from the DementiaBank dataset. They used a sample size of 242 files for both healthy older people and people with AD. They explored four different machine learning classification algorithms, achieving a 74% classification accuracy using a support vector machine (SVM) classifier with 10% crossvalidation. López et al [8] , [13] investigated using features called Emotional Temperature derived from the speech along with acoustic features from 20 healthy subjects and 20 people suffering from dementia. This was done in an attempt to evaluate the importance of the emotions encapsulated in the spontaneous speech and they showed promising results when attempting to differentiate different stages of the disease.
Furthermore König et al [14] conducted an experiment of using four short cognitive vocal tasks with a number of participants divided into three groups: healthy control (HC), people with Mild Cognitive Impairment (MCI) and people with Alzheimer (AD). Their method included pre-processing, analyzing the data and feature extraction from the speech recordings. They were able to distinguish between HC and MCI with an accuracy of 79%, between HC and AD patients with an accuracy of 87%, and between those with MCI and AD with 80% accuracy.
Recently and similar to our work, Fraser et al [15] studied the potential of using linguistic features to identify Alzheimer's disease. They used speech recordings along with their manually transcribed files derived from the DementiaBank data set. They chose 240 speech recordings belonging to a group of 167 people identified as probably or possibly having AD and 233 samples from 97 subjects with no memory complaint. In total, a set of 370 acoustic, lexical and semantic features were extracted and they then applied two machine learning classification algorithms and obtained a highest accuracy of 92% in distinguishing between HC subjects and AD patients using the top 25 ranked features. Although they obtained promising results, their method relies on the accuracy of manually transcribed files, whereas a real system would need the added complexity of a speech recognizer to compute all three types of features. It is unclear how the results of Fraser's system are affected when having to rely on erroneous transcripts from an automatic speech recognizer.
Key aspects of our proposed method compared to state of art are listed as follows:
 Feasible for application in real time and in a range of environments (home/clinic) since our results have been evaluated in the presence of high levels of background noise.  Higher classification accuracy; outperforming the recent highest score in [15] using the top 20 ranked features  Robustness: as high classification accuracy is maintained when using higher numbers of features and even when using all 263 features.  Not reliant on speech recognition to transcribe the audio, so the method could potentially be language independent. 
Experimental setup

Data set
We utilized the DementiaBank data set [10], a free access large existing database for Alzheimer's and related dementia diseases collected during longitudinal study conducted by the University of Pittsburgh School of Medicine. A verbal description of the Boston Cookie Theft picture was recorded from people with different types of dementia with an age span from 49 to 90 years as well as from elderly HC subjects with an age range from 46 to 81 years. During the interviews, patients were given the picture and were told to discuss everything they could see happening in the picture. The speech samples were collected through annual visits from the majority of the participants and were transcribed using the CHAT transcription format Mac Whinney [16] . We consider the same sample size used by Fraser et al [15] with a total of 473 recording from 97 HC controls having 233 speech samples and the rest from 167 AD patients diagnosed as possible or probable AD.
Pre-Processing
The first step of the pre-processing is background noise reduction, as the DementiaBank data contains a high level of background noise. Effective de-noising is important to enable accurate features extraction. The spectral noise gating method using version 2.1.1 of the Audacity(R) recording and editing software [17] was applied to the audio without sacrificing the overall speech quality. Initial experimentation was carried out to examine the overall performance with and without the presence of the background noise as shown in Figure (1) . Next, using Praat [18] , the instructor utterance was removed from the recordings and the audio files were converted from MP3 to mono wave; the sampling frequencies were kept unchanged.
Features extraction
In our study we focused on extracting acoustic features only and investigating the effectiveness of these features in detecting dementia at an early stage. This would avoid relying on the need for manually transcribed files or indeed the problems around achieving reliable speech recognition results in challenging far-field acoustic conditions. includes the pitch statistics, mean and standard deviation of periods, degree of voice breaks, fraction of locally unvoiced frames, and the voice quality measures including harmonic-to-noise ratio, mean of autocorrelation and noise-to-harmonic ratio. Various features related to jitter and shimmer scales were also extracted in accordance with [19] , [8] using Praat [18] .
The second group of features was derived by applying machine classification algorithms to identify speech/nonspeech segments. This is done by windowing the audio files into 40ms frames with 50% overlapping window. For each frame we calculate the short time energy, zero crossing rate and the correlation coefficients. The three measures with labeled frames are used to train and build a voice activity detection (VAD) classifier using predefined frame samples randomly selected from the data. Next we used the VAD to label each frame for the rest of the audio files. The results from the VAD classifier gives us duration statistics for speech/silent regions with the amount of pauses presented in the recordings [20] .
The last group of features includes the Mel Frequency Cepstral Coefficients extracted using the method mentioned by [21] , including: the first 42 MFCC coefficients and their skewness, kurtosis, means and kurtosis and skewness of the means) previously used by [15] in addition to the first 26 coefficients for both filter bank energies and spectral centroid. 
Classification
Automatic classification
We used the capability and accuracy of the automated machine learning algorithms to measure the potential of the acoustic features to distinguish between AD patients and HC subjects. We applied four different classifiers: Bayesian Networks (BN), Trees-Random Forest (RF), AdaboostM1 (AB) and Meta-Bagging (MB). We used the Weka [22] software for running the experiments, with k-fold cross validation, in which we randomly divide the data into K equalsized parts. We leave out part k, fit the model to the other K-1 parts (combined), and then obtain predictions for the left-out kth part. This is done in turn for each part k= 1, 2,..K [23] , and then the results were averaged to obtain the final result. In our study we used k=10 as a cross validation.
Feature selection
Due to the variety and high number of features extracted as well as supporting the idea of simplicity, we applied a feature selection technique. This is used to rank the features, to explore the lowest number of features that provides the best classification accuracy, and to avoid overfitting the data. For the unprocessed data (with the presence of background noise), this function automatically selected the top 22 features based on their ranks, whilst 20 features were selected when working with the files that had been pre-processed. Table ( 2) lists the top (20) features automatically selected by Weka using the built-in attribute selection technique function.
Results
We used the four machine learning algorithms stated in section 4.1 to achieve the final results in four different configurations resulting from using pre-processing or not, and using the full (263) or the reduced features sets we also calculate the sensitivity and specificity for the highest score achieved for the 2 nd and the 4 th configurations. Table ( 3) lists the accuracies obtained for the four different configurations. The highest classification accuracy achieved was 94.71% using the (BN) classifier, running under the fourth configuration followed by configuration three with 93.66% using (BN) classifier, while configurations two and one score 92.38% and 90.90% using (MB) and (RF) classifiers respectively.
By adopting a pre-processing step and extracting fewer, better quality features for the classifiers, the highest accuracy was achieved.
The sensitivity and specificity for the 2nd configuration was 92.00%. Only 19 patients from 240 and 17 HC subjects from 233 were incorrectly classified, but when comparing with the 4 th configuration, only 7 AD patients were incorrectly classified making the sensitivity level at 97.00%. However the specificity of the 4 th configuration was slightly reduced to 91.00% (only 21 HC were misclassified)
Our results reveal two important facts: first, the majority of the features have the potential to identify dementia even when all the features have been utilized by the classifiers (93.66% classification accuracy using the full 263 features compared to 94.71% when feature selection is used). This is in contrast to what had been reported by [15] , as their results showed a sharp drop off in the case of using all of the features (from 92.01% classification accuracy with feature selection down to 79% without).
The first group of features measures the perturbation of the fundamental frequency reflecting the defects on vocal folds closing and opening times. This is, captured by the shimmer and jitter parameters as they measure the differences of amplitude and cycles of consecutive periods. Also it is known that AD patients produce more noise in their speech due to the fluctuations in the airflow, caused by incomplete vocal fold closure than do healthy subjects. This is measured by the harmonics to noise ratio (HNR) feature, previously demonstrated by [24] , [14] . Pauses and number of silent segments are more prevalent in AD patients as they tend to shorten the speech segments in contrast to HC subjects. This is because the AD patients most of the time find that talking requires much effort and concentration. The MFCC features, although they are well-known as standards in speech recognition systems, capture important separation between the two groups as they relate to the articulators (libs and tongue) control ability, that is decreased in AD patients [25] .
Secondly our proposed method is robust and very capable of identifying dementia patients from healthy subjects even in the presence of significant background noise. These facts support our proposition for using only acoustic features for automatic detection and/or screening of AD at a low cost and within the home environment.
Conclusions and future work
Speech and language impairment serve as a strong evidence for Alzheimer's disease detection and it can be used to indicate its severity over the time [26] .
In our study, for the same data set (based on short speech recordings from a picture description task.), but using only acoustic features, higher accuracy results were obtained, in distinguishing between HC subjects and AD patients, than those reported in the most recent state of the art [15] .
Furthermore, we used acoustic features derived automatically from the speech recordings without the addition of any lexical or syntactic features that rely on complex speech recognition technology as in [9] .
In this paper, we proposed a simple high accuracy automated method that can be used in the clinic and/or at home to guide the diagnosing and/or screening of dementia by using just speech. In the future, we plan to investigate more features and to test the performance of our method with different datasets to classify between neurodegenerative dementia patients and people with functional memory disorders. The analysis will be applied to the conversations between the neurologists and patients during their visit to the memory clinic. 
